
Investigating variability in microstructural-functional coupling in the human cortex

Conclusions
NMF identifies 4 sets of region-region connections sharing 
covarying RSFC and microstructural similarity. Components 
resemble previously identified networks, including sets of 
connections pertaining to visual, motor, associative, and 
default mode networks, but degree of coupling variability 
across subjects is less prominent than hypothesized. PLS 
analysis implicates each component, particularly motor 
regions, in widespread cognitive processes.
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Previous research has demonstrated microstructural-functional coupling between pairs of brain regions[1,2]. We 
analyze functional and structural MRI data in a sample of healthy young adults to explore individual variability in 
this key brain organization principle. We employ non-negative matrix factorization (NMF) to identify data-driven 
patterns across microstructural-functional coupling. We aim to identify sets of brain regions with different 
coupling patterns, and hypothesize that stronger coupling predicts better cognitive performance.

Data: We obtained extensively processed 
resting state frmi (2mm3) data, and 
minimally preprocessed structural data, 
from 384 unrelated subjects (mean age = 
28.5 +/- 3.7; 199 Females) of the Human 
Connectome Project [1,2] .

Introduction

Methods

Functional Connectivity: We analyzed 
two 15 minute time series for each 
subject. For each, we obtained the mean 
time series from 360 cortical regions 
defined by the HCP MultiModal 
Parcellation[5] and computed Fisher z-
transformed resting state functional 
connectivity (RSFC) between regions. 
RSFC was averaged across both 
timeseries for each subject.

Microstuctural Similarity: We 
computed the absolute difference in 
mean T1w/T2w between regions to 
create T1w/T2w difference matrices 
(D_T1T2) which describe 
microstructural similarity of each region 
pair (values close to zero indicate greater 
similarity).

Non-negative Matrix Factorization: 
For each subject we vectorised D_T1T2 
and RSFC matrices, and concatenated 
resulting vectors to build a matrix with 
n_subjects x 2 columns in which the 
first n_subjects columns contain 
D_T1T2 data and the second set of 
n_subjects columns contain RSFC data. 
For each region, we selected only the 
top 10% of connections for analysis. 
The resulting 6048 x 768 
(n_region_pairs x n_subjects) was input 
to non-negative matrix factorization 
(NMF) [6,7]. NMF decomposes an 
input matrix into positively valued 
component (W) and weight matrices 
(H). W describes component scores for 
each region pair. H describes subject-
wise loading. We selected components 
using split half stability analysis of 2-10 
components. Finally, we conducted a 
brain-behaviour partial least squares 
(PLS) with NMF weightings as brain 
data, and cognitive performance across 
19 cognitive tests. Number of 
components was selected via a split half 
stability analysis [7].

Results
A. NMF identifies 4 components, delineating associative, motor, and visual connections B. Component weights describe individual 

patterns of microstrucutral similarity and 
functional connectivity

C. PLS stronly relates cognitition to microstructure and functrion, but not necessarily to microstructural-
functional coupling
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Component 3

Component 2

Component 4

Figure A plots chord diagrams for each component, highlighting the top 10% of region-region connections within each component. Each dot around the circumference represents a 
region, colour coded according to the the higher level organization displayed in the surrounding cortical thumbnails. Edge width and transparency are scaled to match each 
connections component score, such that the most prominent are the widest and darkest. Edge colours are selected to match the rows of component weights in the weight matrix 
displayed in B.

NMF

Figure B (top) plots component weightings of each subject-metric combination, describing 
individual variability within each component. Each row is a component, coloured squares match 
corresponding edge colours in A. Each column represents the component weights of a given 
subject for either T1T2 or RSFC values.Figure B (bottom) shows correlations between each 
component-metric combination, calculated as correlations between each pair of component 
T1T2 and RSFC weights. We expected to find inverse correlations within each component 
between T1T2 and RSFC, describing 'coupling components', but the identified weight do not 
show this, evidenced by the low correlations in the lower left portion.

Figure C displays results of two significant (p<0.05) latent variables from PLS brain-behaviour analysis with NMF weights as brain data, and performance in 19 cognitive tests as behaviour data. The middle plot displays correlations 
of each behaviour (x axis) in each latent variable (LV1-green, LV2- purple), error bars display the 95% confidence interval. The outer plots show the contribution of each brain variable to each LV, with the brain pattern of LV1 in 
green on the left and LV2 in purple on the right.  For each, dark colours represent variables contributing to the LV. LV1 describes decreased performance on nearly all tests as covarying with decreased RSFC in region pairs of C1, 
decreased microstrucural similarity (increased delta) in C2, decreased T1T2 similarity in C3, and increased RSFC in C3 and C4 connections. LV2 behavioural pattern is less widespread, describing decreased processing speed, longer 
reaction time in fluid intelligence tests, and decreased performance in sustained attention tasks as covarying with decreased RSFC in C1 region pairs, increased simiarity in C2 and increased RSFC in C2.
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NMF Components

NMF outputs components (left) and weights (right). In this application, each 
component describes a set of region pairs sharing covarying patterns of 
microstructural similarity and RSFC.  The chord diagram (left) displays 
component scores of each region pair as edges, colour coded by component. 
Weights (right) describe each individual subject's loading into each component. 
Based on previous findings, we hypothesize that 'coupling components' will have 
inverse correlations between d_t1t2 weights and RSFC weights.


